Abstract: An understanding of changes in forest cover and the drivers of forest transition (FT) contributes to the sustainable management of global forests. In this paper, we used the latest global land cover data published by the European Space Agency (ESA) to investigate spatiotemporal variation characteristics of forest cover in developing countries from 1992 to 2015, and then analyzed causal factors of this variation using a binary logistic regression model. Existing studies on FT are mostly based on data from the Food and Agriculture Organization (FAO); this study improves our understanding of FT mechanisms through the use of a new dataset. The results indicate that the forest area in developing countries decreased from 21.8 to 21.3 million km 2 from 1992-2015, and the rate of decline slowed after 2004. South America suffered the largest reduction in forest area (505,100 km 2 ), whereas forest area in Africa increased slightly. By 2015, more than 80% of African countries had experienced FT, whereas only half of developing countries experienced forest expansion in South America. The variables affecting FT occurrence differed among continents. On the global scale, the remaining forest coverage and the proportion of forest exports negatively affected the likelihood of FT occurrence, whereas urbanization level had a positive effect.
Introduction
Global forest change is a public concern [1] [2] [3] [4] [5] [6] because humans are heavily reliant on forests. On one hand, forests provide forest products [7] including food, medicine, fodder for livestock, fuel, and shelter [8] . The livelihoods of 1.6 billion rural people are estimated to depend on forests [9] . On the other hand, the ecological services provided by forests can solve some environmental problems [10, 11] . For example, forests can reduce soil erosion and improve water quality by regulating the hydrological cycle [12, 13] , ameliorate climate change by increasing carbon sequestration [14] , and protect biodiversity [15] . Forest recovery after severe deforestation first occurred in European countries in the 18th century [16, 17] and later in North America. In recent years, forest cover has begun to increase in many developing countries [18] [19] [20] . This increasing trend in forest cover led Mather to coin the term "forest transition" (FT), which refers to the process of moving from a reduction to an expansion in forest area within a certain country or region [17] .
Since the introduction of the term FT [17] , many researchers have studied this process and its underlying causes. In European countries, economic development and forest scarcity are regarded as two pathways of FT. Economic development and urbanization reduced the conversion of forest lands, and forest loss during agricultural expansion caused a countervailing trend [10] . Later, several theories supplemented the theoretical framework and proposed other FT pathways, such as government policies [20, 21] , globalization [22] [23] [24] , and smallholder tree farming based on land use identification [25] . Many studies on FT have been carried out on subnational [26] , national [27] [28] [29] and multinational [19, 30] scales; however, global-scale studies on FT are lacking.
To obtain an understanding of global FT conditions, consistent data of annual forest cover are needed. Many studies have used forest resource assessment (FRA) data from the Food and Agriculture Organization (FAO) to investigate FT [10, 22, 31] , since these data provide the annual forest area. The quality of FRA2015 data has improved as more countries have added remote sensing data to supplement the standard data sources [10] . However, FRA data still suffer from some problems, including uneven data quality and differences in forest definitions among countries [32] . While other recent forest cover datasets have high spatial resolution, they only provide forest cover data for certain years. For example, the GlobeLand30 land cover dataset [33, 34] has a spatial resolution of 30 m and contains two baseline years (2000 and 2010) . The Global Land Cover Facility (GLCF) [35] , which has a spatial resolution of 30 m, covers 1990, 2000, and 2005 . The Global Forest Watch (GFW) dataset developed by Hansen [36] has a resolution of 30 m and includes only annual gross loss of forest cover for 2000-2012. In 2017, the European Space Agency (ESA) released global annual land cover data from 1992-2015, including data for the entire surface of the Earth at a spatial resolution of 300 m [37] . This dataset provides continuous, consistent, and long-term series data on global land cover during the last two decades, presenting a unique opportunity for exploring FT.
The primary objective of this study was to use the ESA dataset to provide a global view of forest cover change, FT status, and their drivers. Because the ESA dataset only covers 1992-2015, developed countries were excluded from the analysis because these countries experienced FT much earlier [10, 38] .
The objectives are summarized as follows:
• Analyze the spatial and temporal variations in forest cover between 1992 and 2015 in developing countries on the global, continental, and country scales; and • Determine the driving factors for FT occurrence based on the binary logistic model.
Materials and Methods

Data
Developing Countries
In this paper, the term "developing countries" refers to developing economies from the classification results of the countries in the World Economic Situation and Prospects (WESP), which was compiled by the Development Policy and Analysis Division, Department of Economic and Social Affairs, United Nations Secretariat (UN/DESA) (https://www.un.org/development/desa/dpad/ publication/world-economic-situation-and-prospects-2014/). To rule out accidental factors, countries with forest coverage below 3% were excluded. The 78 developing countries are listed in Table A1 in the Appendix A.
Forest Cover
ESA recently published the Climate Change Initiative Land Cover version 2 (CCI LC v2) dataset, an annual global land cover dataset that provides data from 1992 to 2015 at a spatial resolution of 300 m (http://maps.elie.ucl.ac.be/CCI/viewer/). The data in CCI LC v2 include advanced very high-resolution radiometer (AVHRR) data collected by National Oceanic and Atmospheric Administration (NOAA) between 1992 and 1999, Satellite for observation of Earth-Vegetation (SPOT-VGT) data collected by the National Centre for Space Studies (CNES) between 1999 and 2013, and medium resolution imaging spectrometer (MERIS) and project for on-board autonomy-vegetation (PROBA-V) data collected by ESA between 2003 and 2015. The forests represented in the CCI LC v2 dataset include eight types of vegetation (Table A2 ). According to the data evaluation and verification definitions proposed by the Working Group for Calibration and Verification from the Committee of Earth Observation Satellites, the overall accuracy of the dataset is approximately 75.4%, and the accuracy of the forests in CCI LC v2 is higher than 75.7% [39] .
Other Data
The urbanization level and GDP per capita for the studied countries between 1992 and 2015 were derived from World Bank public data (https://data.worldbank.org/indicator). The export and import values of forest products were obtained from the online FAOSTAT database (http://www.fao.org/ faostat/en/#data).
Methods
Changes in Forest Area
The change in forest area (CA) can be expressed by the following formula:
where S 1992 is the forest area in 1992, and S n is the forest area in year n (n = 1993, 1994, . . . 2015).
Forest Transition
Between 1992-2015, forest coverage was still decreasing in some countries, while in other countries, the trend in forest coverage had changed from decreasing to increasing, or forest cover increased continuously; according to the definition of FT [19, 38] , these conditions are respectively named as before FT (BFT), during FT (DFT), and post-FT (PFT; Figure 1 ). We estimated the FT status of each developing country based on their forest coverage curve in 1992-2015. The urbanization level and GDP per capita for the studied countries between 1992 and 2015 were derived from World Bank public data (https://data.worldbank.org/indicator). The export and import values of forest products were obtained from the online FAOSTAT database (http://www.fao.org/ faostat/en/#data).
Methods
Changes in Forest Area
where S1992 is the forest area in 1992, and Sn is the forest area in year n (n=1993, 1994, … 2015).
Forest Transition
Between 1992-2015, forest coverage was still decreasing in some countries, while in other countries, the trend in forest coverage had changed from decreasing to increasing, or forest cover increased continuously; according to the definition of FT [19, 38] , these conditions are respectively named as before FT (BFT), during FT (DFT), and post-FT (PFT; Figure 1 ). We estimated the FT status of each developing country based on their forest coverage curve in 1992-2015. 
Binary Logistic Regression Model
Not all countries could experience FT. Although some studies have investigated the causal factors of FT [10, 20, [22] [23] [24] [25] , the driving factors of FT on the global and continental scales need to be further explored. Considering that the dependent variable is dichotomous (i.e., the country experienced FT or did not), a binary logistic regression model was used to identify the driving factors of FT in this study. The logistic regression model is a statistical method for analyzing whether one or more independent variables determine an outcome [40, 41] . In this study, we established a regression model for all developing countries and every continent. FT status was considered as the binary dependent variable as follows: If the country experienced FT during the study period, the dependent variable value was 1; otherwise, it was 0. In addition, four potential driving forces were evaluated as independent variables: Forest coverage (Forest_r), GDP per capita (GDP_per), urban population (Urbanization_r), and the trade ratio (Trade_r). 
Not all countries could experience FT. Although some studies have investigated the causal factors of FT [10, 20, [22] [23] [24] [25] , the driving factors of FT on the global and continental scales need to be further explored. Considering that the dependent variable is dichotomous (i.e., the country experienced FT or did not), a binary logistic regression model was used to identify the driving factors of FT in this study. The logistic regression model is a statistical method for analyzing whether one or more independent variables determine an outcome [40, 41] . In this study, we established a regression model for all developing countries and every continent. FT status was considered as the binary dependent variable as follows: If the country experienced FT during the study period, the dependent variable value was 1; otherwise, it was 0. In addition, four potential driving forces were evaluated as independent variables: Forest coverage (Forest_r), GDP per capita (GDP_per), urban population (Urbanization_r), and the trade ratio (Trade_r).
The probability of FT occurrence (p(presence)) is given by:
where X is the independent variable being considered as a possible driving factor of FT, b 0 is a constant, and the parameters b i (i = 1, 2, 3, . . . , k) reveal the effect of each independent variable of the outcome (the occurrence of FT). The probability of FT absence (p(absence)) is given by:
The ratio of the probability of FT presence to the probability of FT absence (odds) is given by:
The logarithmic transformation of Equation (3) gives the logistic model: Table 1 shows the variables assessed as potential driving factors of FT. According to previous research, forest scarcity and economic development are regarded as two main pathways of FT [10, 25] . In some countries with little import ability to import forest products but stable demand for them, the prices of forest products increase due to resource scarcity, prompting the conversion of land to woodlands [10] . Therefore, forest area is considered as an important potential driving factor of FT, and forest coverage (Forest_r) was used as an independent variable in this study to reveal its effect on FT. Regarding economic development, rapid urbanization is associated with a shift in labor from agriculture to industrial production, and the resulting abandoned farmlands often revert to forest land [10, 27, 42, 43] . Therefore, both GDP per capita (GDP_per) and urbanization level (Urbanization_r) were analyzed as independent variables in this study. In recent studies, FT has been shown to be strongly related to global trade [22, 23] . Globalization can shift the pressure on forest resources in one country to other countries, thereby reducing deforestation in the country with reduced pressure. Thus, the trade ratio (Trade_r) can reveal the trade conditions in a country and was designated as an independent variable in this study. In summary, considering the availability and comparability of global data, four independent variables (Forest_r, GDP_per, Urbanization_r, Trade_r) ( Table 1) were considered as potential driving factors of FT at the global and continental scales.
Excluding countries with missing data, the driving factors of FT were assessed based on panel data for 75 major developing countries between 1992 and 2015. Thus, a total of 1725 valid samples were analyzed in Stata (software for statistical data analysis). 
Results
Changes in Forest Cover at the Global, Continental, and Country Scales
In 2015, the average forest cover in developing countries was approximately 40.6% (standard deviation = 24.6%), mainly distributed in Northern South America, Central Africa, and Southeast Asia ( Figure 2 ). The five countries with the largest forest areas were Brazil (4.2 million km 2 ), China (2.1 million km 2 ), the Democratic Republic of Congo (1.8 million km 2 ), Indonesia (1.1 million km 2 ), and Peru (0.8 million km 2 ), collectively encompassing 46.9% of the global forest area. In 2015, the average forest cover in developing countries was approximately 40.6% (standard deviation = 24.6%), mainly distributed in Northern South America, Central Africa, and Southeast Asia ( Figure 2 ). The five countries with the largest forest areas were Brazil (4.2 million km 2 ), China (2.1 million km 2 ), the Democratic Republic of Congo (1.8 million km 2 ), Indonesia (1.1 million km 2 ), and Peru (0.8 million km 2 ), collectively encompassing 46.9% of the global forest area.
Globally, forest coverage in developing countries declined during the study period, with an annual average rate of decline of −0.03% ( Figure 3A) . Notably, after 2004, the rate of decline slowed. From 1992-2015, the total forest area in developing countries decreased from 21.8 to 21.3 million km 2 , and forest coverage decreased from 41.2 to 40.6%. Different continents were characterized by different trends in forest coverage. Among all continents, forest area decreased the most in South America (from 8.5 to 8.0 million km 2 ), which accounted for 85.2% of global forest loss during the study period. South America was followed by Asia, which experienced a decrease of 71,000 km 2 and accounted for 12.0% of global forest loss. In Globally, forest coverage in developing countries declined during the study period, with an annual average rate of decline of −0.03% ( Figure 3A) . Notably, after 2004, the rate of decline slowed. From 1992-2015, the total forest area in developing countries decreased from 21.8 to 21.3 million km 2 , and forest coverage decreased from 41.2 to 40.6%. Different continents were characterized by different trends in forest coverage. Among all continents, forest area decreased the most in South America (from 8.5 to 8.0 million km 2 ), which accounted for 85.2% of global forest loss during the study period. South America was followed by Asia, which experienced a decrease of 71,000 km 2 and accounted for 12.0% of global forest loss. In contrast, forest area increased by 68,000 km 2 in Africa, where FT occurred ( Figure 3A) .
Although global forest loss in developing countries has slowed in recent years, several countries are still experiencing severe forest reduction. The four countries with the largest reductions in forest area were Brazil, Argentina, Paraguay, and Indonesia. Brazil experienced the largest decrease in forest area (0.3 million km 2 ), accounting for 50.6% of total forest loss in developing countries. Argentina, Paraguay, and Indonesia recorded net forest losses of 86,000, 53,000, and 51,000 km 2 , respectively. Different continents were characterized by different trends in forest coverage. Among all continents, forest area decreased the most in South America (from 8.5 to 8.0 million km 2 ), which accounted for 85.2% of global forest loss during the study period. South America was followed by Asia, which experienced a decrease of 71,000 km 2 and accounted for 12.0% of global forest loss. In contrast, forest area increased by 68,000 km 2 in Africa, where FT occurred ( Figure 3A) .
Although global forest loss in developing countries has slowed in recent years, several countries are still experiencing severe forest reduction. The four countries with the largest reductions in forest area were Brazil, Argentina, Paraguay, and Indonesia. Brazil experienced the largest decrease in forest area (0.3 million km 2 ), accounting for 50.6% of total forest loss in developing countries. Argentina, Paraguay, and Indonesia recorded net forest losses of 86,000, 53,000, and 51,000 km 2 , respectively. Among these four countries, the percentage loss of forest cover was largest in Paraguay (23.0%) and lowest in Indonesia (4.5%); however, the rate of decrease in forest coverage accelerated Figure 3B ). Three of the above four countries (all except Indonesia) are located in South America (Figure 4) . In several countries, the forest area increased during the study period, with South Sudan and Ethiopia having the largest increases in forest area. In South Sudan, the forest gain was concentrated on the edge zone of the southeastern forest area, with an increase in extent of 11.8%. In Ethiopia, the increase in forest land was concentrated in the western forest area, and the increase was 9.0% ( Figures  3B and 4) . These two countries are located in Africa. 
FT Conditions in Developing Countries
As shown in Figure 5 , among African countries, 36.1% were classified as PFT countries during the study period, 44.4% were DFT countries, and 19.4% were BFT countries. In other words, 80.5% of African countries experienced FT before 2015. In Asia and North America, FT occurred in more than 60.0% countries by 2015. In South America, FT had occurred in only 50.0% of countries. Figure 6 shows plots of forest coverage (%) vs. time for 33 DFT countries, and the turning point of each FT is indicated by a red line. In several countries, the forest area increased during the study period, with South Sudan and Ethiopia having the largest increases in forest area. In South Sudan, the forest gain was concentrated on the edge zone of the southeastern forest area, with an increase in extent of 11.8%. In Ethiopia, the increase in forest land was concentrated in the western forest area, and the increase was 9.0% ( Figures 3B and 4) . These two countries are located in Africa.
As shown in Figure 5 , among African countries, 36.1% were classified as PFT countries during the study period, 44.4% were DFT countries, and 19.4% were BFT countries. In other words, 80.5% of African countries experienced FT before 2015. In Asia and North America, FT occurred in more than 60.0% countries by 2015. In South America, FT had occurred in only 50.0% of countries. Figure 6 shows plots of forest coverage (%) vs. time for 33 DFT countries, and the turning point of each FT is indicated by a red line.
As shown in Figure 5 
Results of the Binary Logistic Regression Model
To determine the driving factors of FT, the independent variables in Table 2 were entered into a random-effects binary logistic regression (xtlogit-re) model. The log likelihood and Wald chi2 test indicated that the fitting effect of this model was perfect (p < 0.01). At the global scale, three variables were significant at the 1% level, except for GDP per capita. Among them, forest coverage and trade 
To determine the driving factors of FT, the independent variables in Table 2 were entered into a random-effects binary logistic regression (xtlogit-re) model. The log likelihood and Wald chi2 test indicated that the fitting effect of this model was perfect (p < 0.01). At the global scale, three variables were significant at the 1% level, except for GDP per capita. Among them, forest coverage and trade ratio negatively affected the possibility of FT occurrence, while urbanization level had a positive effect. The influential variables differed by continent, and the same variables sometimes had opposite effects in different continents. For example, forest coverage had a negative effect on FT occurrence in Africa (p < 0.01), a positive effect in North America (p < 0.01) and South America (p < 0.01), and no significant effect in Asia. GDP per capita had a significant negative effect on FT occurrence in Africa (p < 0.05), a significant positive effect in Asia (p < 0.01) and South America (p < 0.01), and no significant influence on FT occurrence in North America. Urbanization positively affected FT occurrence in all continents. Trade ratio only had a significantly effect on FT occurrence in Asia (p < 0.05), and its effect was negative.
Discussion
Reasons for the Increase in Forest Area in Africa
On the continental scale, forest coverage increased in Africa during the study period, which was different from the continuous decrease in other continents. From 1992-2015, forest area in Africa increased by approximately 68,000 km 2 , and the conversion of cultivated land to forest land accounted for 66.0% of this increase. Among developing countries, the largest increases in forest area were observed in two African countries, South Sudan and Ethiopia. The potential reasons for the large increases in forest area in these countries are discussed here. South Sudan has always been embroiled in wars and turmoil. During the study period, Sudan (including South Sudan, which became an independent country in 2011) experienced the Second Sudanese Civil War , and the South Sudanese Civil War has been ongoing since 2013 [44] . Many studies have shown that conflicts have a positive effect on forest areas in conflict zones [44, 45] . During conflicts, people often flee from war zones and/or hide in forested mountain regions. This can result in a decrease in human activities, thereby promoting the restoration of local forests [44] [45] [46] . Figure 3B shows that since 2004, one year before the Comprehensive Peace Agreement of the Second Sudanese Civil War, the rate of increase in forest coverage decreased. In 2013, when the South Sudanese Civil War began, the rate of increase in forest coverage increased.
In Ethiopia, the increase in forest area was mainly caused by the implementation of forest protection policies and the emphasis of forest protection in economic policies. The 94/1994 Bill, the 542/2007 Bill, and the forest law issued in 2007 in Ethiopia all emphasized forest protection and forestry development [47] . Meanwhile, a forest conservation program called shade coffee certification is underway in Ethiopia. This program has a positive effect on forest conservation by reducing forest clearing and transformation into agricultural land [48, 49] .
Analysis of the Driving Forces of FT
The results of this study should be interpreted cautiously, as the models do not represent any specific country. However, the results of global analyses like this one are useful for understanding FT mechanisms and have implications for further theoretical explorations of FT.
Forest Coverage
On a global scale, forest coverage had a negative effect on the possibility of FT occurrence in developing countries, in agreement with the "forest scarcity pathway" presented by Rudel [10] . In countries with stable demand for forest products but poor ability to import forest products, the scarcity of forest land would increase the prices of forest products [50] and induce trees planting [10] , thereby increasing the probability of FT occurrence. This effect is most obvious in Africa, where the average forest coverage is 29.9%, lower than those of North America (53.1%) and South America (51.8%). In Africa, countries with low forest coverage are more likely to experience FT, which is attributed to the demand for forest products and corresponding increase in the prices of forest products [10] . Although forest coverage was lower in Asia than in Africa, its forest import value accounted for 76.5% of all developing countries, higher than in Africa (8.7%) according to FAOSTAT data ( Figure 7) . Therefore, in Asia, FT was not related to forest coverage because of the high import ability. On a global scale, forest coverage had a negative effect on the possibility of FT occurrence in developing countries, in agreement with the "forest scarcity pathway" presented by Rudel [10] . In countries with stable demand for forest products but poor ability to import forest products, the scarcity of forest land would increase the prices of forest products [50] and induce trees planting [10] , thereby increasing the probability of FT occurrence. This effect is most obvious in Africa, where the average forest coverage is 29.9%, lower than those of North America (53.1%) and South America (51.8%). In Africa, countries with low forest coverage are more likely to experience FT, which is attributed to the demand for forest products and corresponding increase in the prices of forest products [10] . Although forest coverage was lower in Asia than in Africa, its forest import value accounted for 76.5% of all developing countries, higher than in Africa (8.7%) according to FAOSTAT data ( Figure 7) . Therefore, in Asia, FT was not related to forest coverage because of the high import ability.
Urbanization Level and GDP per capita
The positive effect of urbanization level on FT occurrence on both the global and continental scales ( Table 2 ) is in accord with the "economic development pathway" proposed by Rudel [10] . Under urbanization, farm workers leave farms for better paying nonfarm jobs [51] , and the abandoned cultivated lands [42, 43] are reverted to forest lands [10] .
However, the effect of GDP per capita differed in Africa, Asia, and South America ( Table 2 ). The effect of GDP per capita on FT occurrence was positive in Asia and South America but negative in Africa, which can be attributed to the different economic structures in different continents. As shown in Figure 8 , the proportion of first industry in Africa is 23.6%, over double those for other continents. The development of GDP per capita in Africa still relies on agriculture and forest products. As a result, increasing land cultivation and deforestation for the purpose of economic development were still extensive during the study period; thus, it was difficult for countries with high GDP per capita in Africa to undergo FT. By contrast, due to the low proportion of first industry in Asia and South America, high GDP per capita corresponded to a high likelihood of FT occurrence because decreased rural activities led to the reversion of idle farmland to forest [52] . 
Urbanization Level and GDP per Capita
The positive effect of urbanization level on FT occurrence on both the global and continental scales (Table 2 ) is in accord with the "economic development pathway" proposed by Rudel [10] . Under urbanization, farm workers leave farms for better paying nonfarm jobs [51] , and the abandoned cultivated lands [42, 43] are reverted to forest lands [10] .
Trade Ratio of Forest Products
The effect of trade ratio on the probability of FT occurrence was only significant at the 1% level in Asia. According to Figure 7 , the trade value of forest products in Asian countries accounted for approximately 70% of the trade value in all developing countries, indicating that the forestry trade is active in Asia. A higher proportion of export value makes it more difficult for FT to occur [22] . Importing forest products facilitates FT by shifting the agricultural demands and pressure on forests to the exporter; to accommodate these demands, the exporting country undergoes large-scale cropland expansion and deforestation, making it difficult to undergo FT [24] .
Comparison of ESA-CCI LC v2 with Other Forest Cover Datasets
Many global forest datasets are available for different purposes. Here, we compared different datasets of forest area and its changes.
The FRA2015 dataset [32] provides annual forest area data from 1990-2015. Based on an analysis of FRA2015 data, forest area in developing countries decreased by 6.3% between 1992 and 2015 (from 21.1 to 19.8 million km 2 ). In comparison, this study indicated a similar trend in forest area in developing countries from 1992-2015 at the global level based on the ESA-CCI LC v2 dataset. However, some differences were observed. First, the ESA-CCI LC v2 dataset resulted in larger forest areas than the FRA2015 dataset. On one hand, the forest area extracted from remote sensing data is higher than that obtained from statistical data in most cases because remote sensing data include other land use types in the forest, such as small ponds and croplands. On the other hand, 79 countries do not submit forest reports, so these are prepared by FAO with estimated values from desk studies [53] . Furthermore, the data for some countries are not updated in a timely fashion, which can affect the accuracy of forest areas determined based on the FRA2015 dataset. For instance, based on FRA2015 data, the forest area remained constant at 220,000 km 2 in Gabon from 1992-2015. Second, the analysis of ESA data in this study indicated an increased variation trend in Africa, which is different from the FRA2015 dataset. However, changes in forest area in Africa based on FRA2015 data should be carefully interpreted because of the very low-quality data on African forest area in this dataset; among the 12 countries with the lowest quality FRA2015 data and forest areas exceeding 5 M ha, 10 are African countries [54] . 
Trade Ratio of Forest Products
Comparison of ESA-CCI LC v2 with Other Forest Cover Datasets
The FRA2015 dataset [32] provides annual forest area data from 1990-2015. Based on an analysis of FRA2015 data, forest area in developing countries decreased by 6.3% between 1992 and 2015 (from 21.1 to 19.8 million km 2 ). In comparison, this study indicated a similar trend in forest area in developing countries from 1992-2015 at the global level based on the ESA-CCI LC v2 dataset. However, some differences were observed. First, the ESA-CCI LC v2 dataset resulted in larger forest areas than the FRA2015 dataset. On one hand, the forest area extracted from remote sensing data is higher than that obtained from statistical data in most cases because remote sensing data include other land use types in the forest, such as small ponds and croplands. On the other hand, 79 countries do not submit forest reports, so these are prepared by FAO with estimated values from desk studies [53] . Furthermore, the data for some countries are not updated in a timely fashion, which can affect the accuracy of forest areas determined based on the FRA2015 dataset. For instance, based on FRA2015 data, the forest area remained constant at 220,000 km 2 in Gabon from 1992-2015. Second, the analysis of ESA data in this study indicated an increased variation trend in Africa, which is different from the FRA2015 dataset. However, changes in forest area in Africa based on FRA2015 data should be carefully interpreted because of the very low-quality data on African forest area in this dataset; among the 12 countries with the lowest quality FRA2015 data and forest areas exceeding 5 M ha, 10 are African countries [54] .
We also compared the global forest area (including developed countries) extracted from ESA-CCI LC v2 data (58.4 million km 2 [35] , and 41.5million km 2 in 2000 based on GFW data [36] . While the trends in forest area over time are similar, the forest areas based on ESA-CCI LC v2 data are larger than the other reported values. These differences can be primarily attributed to the differences in resolution and threshold criteria for extracting forests among datasets. The coarser spatial resolution of the ESA-CCI LC v2 dataset (300 m) allows more nonforest land use types within forests to be included in the forest area compared to the other datasets with 30-m spatial resolutions. In addition, the tree cover threshold in the ESA-CCI LC v2 dataset (15%) might lead to larger forest areas compared to the GFW (25%) [36] and GLCF (30%) [35] datasets.
Although the ESA-CCI LC v2 dataset has a coarser spatial resolution than other datasets, it is also credible. As the continuous data with the exception of FRA2015, and consistent in the region, the ESA-CCI LC v2 data can provide new information on forest change. However, when studying changes in forest area during a certain period or in specific years, other datasets with higher spatial resolutions might be preferable.
Conclusions
Based on the latest annual data published by ESA, we analyzed the spatiotemporal characteristics of forest cover and determined the FT statuses in developing countries from 1992-2015 on the global, continental, and country scales. Finally, we attempted to identify the driving forces of FT in developing countries and different continents. The results are expected to be useful for understanding FT and provide implications for further theoretical explorations of FT. The conclusions are summarized as follows.
(1) The forest area in developing countries decreased from 1992-2015, although the rate of decrease slowed after 2004. The areas of forest reduction were mainly distributed in South America, which had the largest area of forest loss (505,100 km 2 ) and accounted for approximately 85% of total forest loss.
(2) On a national scale, the countries with the largest decreases in forest area between 1992 and 2015 were Brazil, Argentina, Paraguay, and Indonesia, three of which are in South America. The two countries with the largest increases in forest area were African countries, South Sudan and Ethiopia, where forest coverage continued to grow over the study period.
(3) Over 80% of African countries had experienced FT by 2015; in Asia and North America, the percentages exceeded 60.0%. In South America, FT had only occurred in half of the countries by 2015.
(4) The factors influencing FT are different at different scales, and the same variable may have opposite effects in different continents. At a global scale, forest coverage and trade ratio had negative effects on the probability of FT occurrence, whereas the effect of urbanization level was positive. 
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